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ABSTRACT

Datasets and data sharing play an important role for innovation,
benchmarking, mitigating bias, and understanding the complexity
of real world Al-infused applications. However, there is a scarcity
of available data generated by people with disabilities with the
potential for training or evaluating machine learning models. This
is partially due to smaller populations, disparate characteristics,
lack of expertise for data annotation, as well as privacy concerns.
Even when data are collected and are publicly available, it is often
difficult to locate them. We present a novel data surfacing repos-
itory, called IncluSet, that allows researchers and the disability
community to discover and link accessibility datasets. The reposi-
tory is pre-populated with information about 139 existing datasets:
65 made publicly available, 25 available upon request, and 49 not
shared by the authors but described in their manuscripts. More im-
portantly, IncluSet is designed to expose existing and new dataset
contributions so they may be discoverable through Google Dataset
Search.
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1 INTRODUCTION

Data lie at the heart of innovative solutions leveraging advances in
machine learning and artificial intelligence. They are used to train
models, benchmark their performance, understand the complexity
of real-world phenomena, and exclusion [18]- issues of fairness
pertaining to underrepresented populations. Knowing the impor-
tance and cost of data collection and annotation as well as their
potential benefit to the public, researchers, companies and govern-
ments often release data publicly or upon request [9]. However,
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sharing practices vary considerably among research communities
and, contexts [21] with the focus in our work being accessibility.

Sharing has often served to attract, nurture, and challenge data
scientists and technologists to work on specific problems. Many
fields, including the health community [6, 33], have seized this
opportunity to promote data science in their area. We observe the
start of a similar trend in accessibility, e.g. the VizWiz data chal-
lenge [11] calling for the computer vision community to work on
visual question answering problems that can serve people with
visual impairments. However, scarcity of large datasets generated
from people with disabilities that can be used in Al-infused tech-
nologies remain one of the field’s biggest challenges [2]. While this
is partly due to a smaller population [26], there are other factors
specific to these user groups. People vary in their individual prefer-
ences and environments, but people with disabilities lend further
dimensions with disparate characteristics, even within a given dis-
ability. Moreover, data annotation requires domain knowledge that
few possess making it difficult to crowdsource annotations. For
instance, creating datasets for emotion recognition for people who
are Deaf! requires sign language fluency since, in addition to emo-
tion, facial expressions are an inherent part of the language often
used to convey syntax when signing [22]. And more importantly,
there are privacy and ethical concerns for creating and sharing
accessibility datasets? as people who have distinct data patterns
may be more susceptible to data abuse and misuse [10, 13, 30].

In this paper, we present our efforts in creating Incluset, a pub-
licly available repository, that can help the community discover
and link to accessibility datasets that include data generated by
people with disabilities and older adults that relate to technology;
our focus is on datasets that have the potential for training machine
learning models. We use the term surfacing repository to indi-
cate that none of the datasets are stored in our servers, but metadata
about where they can be found, the population represented, type
of data and annotations, and technology used are. Currently, the
repository is pre-populated with a total of 139 existing accessibility
datasets that were manually located over 2018-2020 with few exam-
ples shown in Figure 1. A key challenge we identified in collecting
and analyzing these accessibility datasets is that many are difficult
to locate. They are spread across many venues and do not surface
through a simple search. Moreover, they lack consistent descrip-
tions and require manual screening. We believe that this repository
does not only contribute to transparency but also moves us a step

Here we adopt the following convention: Deaf (capitalized) describing members of
the linguistic community of sign language users.

2 Accessibility datasets here refer to data that can be used to train machine learning
models and that are generated from people with disabilities and older adults.
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Figure 1: Examples of datasets generated by people with dis-
ability including from left to right photos taken by blind
people [11] sign language videos and annotations [4, 19]
stroke gestures by people with low vision [31], mobility app
logs from people with visual impairments [17], audio record-
ing from people with dysphonia [3], and text written by peo-
ple with dyslexia [25].

towards better understanding local sharing standards in our com-
munity and potential concerns that can feed into the conversations
to follow; we are currently completing our coding and analysis and
hope to share the results in a follow-up publication. In this paper,
we introduce IncluSet and its functionalities.

2 DISABILITY DATA

There have been many prior efforts on collecting and analyzing
disability data. To our knowledge, they have mainly focused across
dimensions such as longitudinal data on the demographics, diag-
noses, causes of injury, interventions, outcomes, and costs (e.g.,
BMS National Database [5]). Previous efforts similar to this work
have focused on collecting and analyzing survey data from people
with disabilities [20], accessible websites [29], and geographical
data on the accessibility of physical environments [7]. The pro-
posed work is complementary to but qualitatively different from
these prior efforts because it focuses on annotated data resources
that include raw data generated by people with disabilities (e.g.
extrasensory data such as accelerometer data and images taken by
blind users) with some of them visualized in Figure 1. What’s im-
portant (essential) about these data is that they can be used to drive
innovative assistive technology or to benchmark models trained
on data that do not include people with disabilities. For example,
video recordings of Deaf signers with annotated facial expressions
timestamps can be used to either train sign language avatars to be
more understandable [16] or explore the performance of facial ex-
pression recognition technologies that might misread linguistically
meaningful facial expressions during signing as emotions [27].

3 INCLUSET

IncluSet is a web application accessible at https://incluset.com/,
launched in July 2020. React]S and Node]JS are used to develop the
application. As shown in Figure 2, users can search for datasets
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that are already linked in the repository or sign in to link new
datasets. Each dataset has an imageg, a title, dataset creators, a
short description of the dataset, the year it was created/released,
the number of people it was collected from, one ore more disability
categories* describing the population of interest, and a list of data
types. Users can reach the dataset through the direct link when
available, read the paper where the data is described, or contact
the dataset creators if contact information is available. As shown in
Figure 2, out of the 139 datasets only 65 can be downloaded directly
(e.g., through a webpage available by the dataset creators), 25 are
available upon request (e.g., an email indicated by the creators), and
49 don’t include any sharing information (we link to the papers).
Additional tags are used to highlight terms originally used by the
dataset creators such as description of the people who contributed
to the data collection, technology used, fine-grained description of
the data types, and purpose of the data collection. Last, users can
upvote a dataset or see the upvote count”.

3.1 Searching for Datasets

IncluSet enables different searching approaches. Users may explore
the repository by prioritizing the dataset sharing strategies across
the following tabs: Download for publicly available datasets that can
be downloaded by anyone; Request for datasets that are available
upon request from the dataset creators; and Contact for those that
don’t include sharing information. Users can further narrow they
search by focusing on specific type of data such as audio, video,
text, motion, image, logs, and sensing or by focusing on specific dis-
ability categories such as autism, cognitive, developmental, health,
hearing, learning, mobility, speech, and vision. A search bar is being
implemented to allow for direct navigation.

3.2 Adding New Datasets

Data sharing platforms vary across different venues. For example,
the Language Resources and Evaluation Conference, where many
sign language datasets can be found, has made the contribution to
the LRE Map [1] mandatory since 2018. The map monitors the use
and creation of language resources such as datasets and tools. Other
venues use platforms such as Kaggle [15]. We observed that more
often, links or request information for accessibility datasets were
buried in some footnote or a specific section on the manuscript,
making it challenging to discover. IncluSet provides an opportunity
to researchers to increase the visibility of their datasets. In con-
trast to the UCI Machine Learning Repository [8], where dataset
creators are called to donate their datasets, IncluSet only requires
metadata about the datasets not the dataset itself; it merely points
to any information about the dataset. Moreover, to increase its sus-
tainability, IncluSet enables anyone that stumbles upon a related
accessibility dataset to submit information a dataset. Thus, one can
help surface datasets from others and remove the additional burden
from the creators to report their dataset to one more repository. All
“submitted” datasets are reviewed by moderators for completeness.

3When an image is not provided the website uses the first disability category to
generate a default icon.

4The Individuals with Disabilities Education Act (IDEA) categorization is currently
used though we are still iterating with the disability community.

5The upvote counts in Figure 2 were randomly generated to demonstrate functionality
since IncluSet was recently launched.
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Figure 2: IncluSet: search for accessibility datasets directly
or by filtering through data types, disability categories, and
sharing strategies.

Users need to log in to add a dataset, so they can be contacted
by the moderators and access the status of their dataset entries
(e.g., whether it is published or additional information is needed).
We believe that IncluSet can surface datasets and speed up their
discovery as making datasets public through institutes [24] and
funding agencies [28] tends to take longer [32].

3.3 Surfacing Datasets

Half-way through our dataset collection, we were excited to see
Google deploy the new Dataset Search engine [23]. Unfortunately,
at that time only 1 dataset related to accessibility, VizWiz [12]
surfaced. To enable broader dataset discovery for accessibility, we
implemented the Google Schema for all our datasets in the reposi-
tory; through the react-schemaorg [14] we enable Google Search
engine to crawl IncluSet and surface the datasets. We believe that
IncluSet can contribute to innovation, benchmarking, mitigating
bias, and understanding the complexity of real world Al-infused
applications by promoting inclusion and accessibility while adding
transparency to our data sharing practices.
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